INTRODUCTION
Centrosomes are small organelles that nucleate microtubules, coordinate mitotic spindle assembly and, thus, are critical for correct chromosome segregation during mitosis. They are involved in many other cellular features involving microtubules like shape and cell polarity. Concurrent with DNA synthesis, centrosomes replicate once during the cell cycle in preparation for the generation of a bipolar spindle. Thus, depending on the cell cycle phase, a normal somatic cell has either 1 (G0-1) or 2 (G2-S) centrosomes. Within human tumors, the ubiquitous presence of centrosomal amplification, consisting of supernumerary (greater than two) centrosomes and/or centrosomes of aberrant size and structure, has been implicated in the generation of aneuploidy and carcinogenesis with recent studies showing that in-situ centrosome amplification is a frequent event in many cancers and precancerous lesions (Pihan and others, 1998; Pihan and others, 2003) . Within tumors of epithelial and hematological origin, such as breast cancer and multiple myeloma, centrosomal amplification is common, occurs early in disease etiology, correlates with chromosomal instability and disease stage and is associated with poor prognostic genetic and clinical subtypes (Chng and others, 2005; Lingle and others, 2002; Maxwell and others, 2005; Pihan and others, 1998; Salisbury and others, 2004) . For these reasons, the analysis of in-situ centrosomal amplification within premalignant tissues may provide significant insight into tumor prognosis, progression and outcome.
Various ways have been used to quantify centrosomes in biological specimen mostly using confocal microscopy or deconvolution (Dodson and others, 2004; Goepfert and others, 2000; Li and others, 2004; Lingle and others, 2002) . As the position of two centrosomes can vary within the cytoplasm, three dimensional imaging and analysis is mandatory but cumbersome and time consuming. When analyzing cells grown in monolayers some investigators have used a cell based manual count approach presenting the fraction of cells with an abnormal centrosome number (>2) ( Figure 1A ). This form of analysis is precise but time consuming and potentially biased by the investigator.
Merging microscopy with automated image analysis allows a non-biased quantification of biological objects, such as cells, nuclei or cellular organelles. Most automated approaches use segmentation. A variety of segmentation methods have been developed over the years (for review see (Fernandez-Gonzalez and others, 2004) ), typically based on looking at the intensity distribution of an image to separate it into two main classes: the background and the foreground. However, no one segmentation method will work for all images and segmentation results are often imperfect. There are many situations under which most techniques fail and in such situations, manual counting by visual inspection remains the only quantitative alternative. Automated segmentation techniques combining nuclear and centrosome segmentation have been developed in our laboratory allowing an assignment of individual centrosomes to individually segmented nuclei in cultured cells ( Figure 1B ) (Raman and others, 2005) . However, this approach is difficult and technically questionable to apply to analysis of centrosomes in situ using cryosections because of the difficulty in accurately segmenting individual nuclear areas. Immunostaining of thin tissue cryosections (approximately 5μm) leads to a considerable amount of overlap and apparent clustering of centrosomes which makes their segmentation also challenging.
Thus, the assignment of individual centrosomes to the corresponding nucleus is virtually impossible and does not allow a reliable per cell based analysis (Figure 1C and D) . To avoid this problem other investigators have reported the average number of centrosomes per nucleus in a field per view (Li and others, 2004; Maxwell and others, 2005) .
In this paper we present a novel and simple maximum intensity projection (MIP) based-method to quantify centrosomes and other small cellular organelles that failed to be segmented accurately by standard segmentation approaches. After validation by computational simulation, the approach highlights the presence of aberrant centrosomes within Tp53 null transplanted murine tumors, which were previously reported to have low or no CA (Goepfert and others, 2000) .
Material and Methods

Immunofluorescence protocol
Inguinal (4 th ) mouse mammary glands from adult Balb/c mice and mammary tumors derived from transplanted Tp53 null mouse mammary epithelium were dissected free of the skin and embedded in OCT compound (Miles Inc., Elkhart, IN) . Frozen embedded mammary glands and tumors were sectioned at 4-5μm onto gelatin-coated coverslips and fixed using 100% ice cold MeOH for 10 minutes. Nonspecific sites were blocked using the supernatant from a 0.5% casein/PBS solution (pH 7.4) for 60 minutes. Sections were incubated with a polyclonal rabbit anti-pericentrin antibody (Covance, PRB-432C) and/or a rat anti-Ki67 (DAKO, M-7249) antibody diluted in 0.5% casein/PBS solution overnight at 4°C. The antibody and similar staining protocols have been used in a number of studies on centrosomes in human and murine tissues (Lingle and others, 2002) . In our studies, as well as in most studies published by other groups, staining results gained with pericentrin antibody were confirmed by performing a dual staining with other known centrosomal markers like gamma-tubulin or centrin, which show perfect co-localization.
The next day, sections were washed and incubated in a goat anti-rabbit Texas Red and/or a goat anti-rat FITC secondary antibody (Molecular Probes) for 1 hour at room temperature. Nuclei were counterstained with 4',6-diamino-2-phenylindole (DAPI) and mounted with Vectashield (Vector Laboratories). All stainings were performed in triplicates.
Image acquisition
Tissues were viewed and imaged using a Zeiss Axiovert epifluorescence microscope (Carl Zeiss, Jena, Germany) equipped with a multiband pass filter and a differential wavelength filter wheel. Images were acquired using a Zeiss plan-apochromat 63X oil, with a NA of 1.25 and a scientific-grade 12-bit charged coupled device camera (ORCA AG Hamamatsu, 6.45 x 6.45 μm 2 pixels). The image pixel size was measured to be 0.1 μm but based on the NA of the objective, the actual resolution of the image in the FITC channel is ~ 0.5x0.488/NA = 0.19 μm. All images were captured with the same exposure time so that intensities were within the 12-bit linear range. Z stacks were taken with a step of 0.25 μm and for investigator based visual counting images were deconvolved using blind deconvolution with Autoquant (AutoQuant Imaging Inc., Troy, NY). On the other hand, our method was applied directly on non-deconvolved images.
Image processing and analysis
Image algorithm was developed under the DipImage imaging platform (Delft University of Technology, the Netherlands) for MATLAB (The Mathworks, Natick, 6 MA). As we were particularly interested in the centrosome frequency of luminal epithelial and not the surrounding stroma cells we defined a region of interest (ROI) by manually circling the luminal epithelial cell layer and cropping the projected images according to this ROI. Nuclei were counted in the cropped best focus projection of the DAPI image using the "manually count objects" (MCO) function in MetaMorph ® . For comparative analysis the cropped red channel (Texas Red) was subjected to a summatory intensity projection (SIP) or maximum intensity projection (MIP) on the raw 1 image.
Projection is a way to visualize 3D images along a given direction. Once the direction is chosen, parallel lines to this axis are used to integrate the intensity content of the 3D images into a single 2D plane. Pixel intensities found in each of these parallel lines can be integrated in different ways: either by summing the intensity of all the pixels along each parallel lines (i.e. summatory intensity projection (SIP)) or by picking only the brightest pixel along the line (i.e. maximum intensity projection (MIP)). In biomedical imaging, MIP is typically used to visualize rotating 3D objects, by constantly updating the projection of the 3D stack along the direction linking the center of the object to the surface of the screen, mimicking the way an object would be observed in the real world. In our case, we defined the Z axis of the microscope as our projection axis, greatly simplifying the computation.
Bead-looking like images were simulated by convolving one pixel wide positive signals with a Gaussian filter of radius similar to the microscope we used. Background was simulated by adding a Gaussian noise of mean representative of real images and standard deviation equals to 0.6% of the background mean.
1 A raw image is an image that has not been modified or corrected by any imaging processes after acquisition.
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The threshold for each image was either set manually ("manually threshold object" 
Calculating fraction of abnormal cells
The average number of centrosomes per cell we measure in a population of cells is as follows:
Where n is the fraction of normal non-proliferating cells, p is the fraction of normal 
RESULTS
Theoretical approach
Accurate quantification of centrosomes and other focal biologic signals is a difficult problem in image analysis. The commonly used approach to visually count these cells in tissue sections or images is labor-intensive, potentially biased, technically questionable
and not suitable for a routine clinical application. In this report we present an intensity based approach we developed to accurately quantify centrosomes on a population basis.
The approach is based on a simple principle of optics: any fluorescent signal collected by light microscopy is the result of the original signal convoluted by the point-spread function of the microscope (neglecting noise for now). In other words, the original signal is "blurred" during acquisition leading to a loss of spatial resolution. Deconvolution algorithm reduces this loss by reversing the "blurring" effect of the point-spread function via the usage of sophisticated mathematical operators such as Fourier Transform.
However, even deconvolved images still have a limited resolution dictated by the wavelength of the light itself used to sample the specimen (i.e. resolution ~ 0.5 x λ /NA, see material and method) and the noise in the image. Point signals, much smaller than the resolution of the microscope used, can represent clusters of a given protein. The signal intensity of such a cluster is directly proportional to the amount of protein in that cluster.
One aspect in the convolution process is the fact that the total intensity is invariant from 9 such process. Consequently, even though a cluster of proteins will look larger than it is once acquired by light microscopy its total intensity remains unchanged (i.e. still neglecting noise and background).
To illustrate further this point, we generated a known number of bead-like objects (n=265, Figure 2 ) and counted them using different methods. A Gaussian filter was used to convolve one-pixel wide theoretical events with a constant intensity of 1 (Figure 2A) to simulate the point-spread function measured in real images ( Figure 2B ). The high density of the initial events leads to high amount of clustering of these objects, hampering classical threshold-based counting approaches such as triangle, isodata, or backgroundsymmetry algorithms (Ridler and Calvard, 1978; Zack and others, 1977) . As shown in Figure 2 C-E, these threshold approaches are clearly inadequate for object identification, resulting in this case with a 10-fold lower count from the actual number of events. Visual examination, based on two investigator's counts, is not ideal either since in this case it led to a 40% loss of the actual number of events. On the other hand, the total intensity of the image remains constant after blurring ( Figure 2B ), showing that total intensity is an invariant property of an image reflecting the proportionality to the number of objects in the image. By knowing the intensity value of one object in the image, one can then calculate the number of objects in the image by dividing the total intensity of the image by the unit intensity value (i.e. referred to as the normalization step).
However, this normalization step clearly depends on noise and background variation in real images. Correcting for these factors is difficult as noise varies from image to image and background is not always uniform throughout an image. A robust way to remove variation due to background and noise fluctuation is to identify regions within each image with specific signal and apply the intensity normalization step to these regions instead of the full field of view. In this refined method, approximate spot segmentation is obtained by thresholding the image. This is done by either the operator visually selecting a threshold level or by automatic thresholds ( Figure 3B ). In the case of automatic threshold methods, isodata-thresholded images (method previously mentioned)
gave the highest counts for threshold-based segmentations leading to an underestimation of about 40% ( Figure 3C ). On the other hand, quantifying the total intensity within the segmented sub-regions and normalizing by the average total intensity of a single spot ( Figure 3B , blue circles), results in less than 5% deviation from the true value ( Figure   3D ). In addition, no noticeable difference is observed in the accuracy of the results for a variation of signal to noise ratio ranging between 2 and 0.5 ( Figure 3D ).
We then evaluated the validity of our approach by comparing centrosome counts on actual tissue specimen immunostained for centrosomes to visual quantification made by an investigator in our laboratory. Figure 4A shows such a specimen in which centrosomes clusters are typical and consistently underscored by thresholding techniques. Even an investigator based visual count can be difficult in cases of intense clustering of events ( Figure 4B ). The presented approach detects automatically from each thresholded image reference single objects (i.e. detection based on the expected range size for single centrosomes) and computes their average total intensity ( Figure 4A and 4B show some example of detected single objects, circled in blue). This mean intensity is then used to normalize the total intensity of the segmented full field of view. By doing so, the number of centrosome per field of view is highly correlated to visual inspection for normal tissue ( Figure 4C -E). The intensity-based analysis on MIP of the raw image correlated better with the investigators counts (R 2 =0.8, y=0.94x) than 3D analysis (R 2 =0.74) or SIP based approaches (R 2 =0.34). In addition, as previously shown in Figure 3 with simulated images, counting centrosomes simply by segmenting the image using a visual threshold leads to counts well correlated but much lower than visual inspection (25 to 50% lower).
As the investigator based threshold might be another potential source of variation in our results we simulated different threshold levels on a blurred image with a defined number of beads ( Figure 5A-D) . We found that within a wide range of thresholds (in our example range was between 75 and 110 and single spot center had an intensity equal to 130) the relative error remained in an acceptable range below 4% ( Figure 5D ). Outside this range, using a very low or very high threshold value led to an underestimation or over-prediction of counts, respectively. This is illustrated in Figure 5E , as the relative error (absolute value) increases rapidly in both such extreme cases.
To further test the robustness of our algorithm in a real case scenario, we evaluated its ability to discriminate between normal and tumor tissue by comparing their centrosome abnormality frequencies. Immunostained cryosections of normal mouse mammary gland and mouse mammary tumors derived from a Tp53 null mammary epithelial outgrowth line were analyzed for that purpose. After subtraction of the underlying proliferation rate (Ki67), which was 4.8% for the normal tissue and 9.6% for the tumors, we found an average of 1.07 centrosomes for normal mammary gland and Our approach is simple and thus rapid for processing large set of data. On the other hand it is not fully automated and still requires the involvement of the investigator at different steps: 1. to define the general area of interest (which in our example was necessary to selectively analyze luminal epithelial cells); 2. to threshold the image (which is not contributing to any bias); 3. to manually count the nuclei as nuclear segmentation in frozen sections still is a challenge; 4. to identify single centrosomes in each field of view as an intensity reference. The necessary time to perform all these steps for a 40-cell duct in a given image including loading and saving the image was, depending on the investigator, approximately 40-50 seconds. These current limitations can potentially add some bias in the reported results. However, the validity of our method is well illustrated and one can clearly think of ways to fully automatize it. For example, in the tissue data, single centrosomes were in fact automatically identified and used as a reference by considering objects in each thresholded field of view whose size fitted a narrow range (i.e. this size range was visually established as characteristic of single centrosomes over the full dataset). In the course of the analysis we also found that the nuclear area measured on the thresholded DAPI image correlated well with the operator based counts (data not shown) so that a calculation based on nuclear area might be an alternative to visual nuclear counts. A more elaborate nuclear segmentation tool is another alternative.
In addition, our simulations in Figure 3 were also performed using an automatic threshold (isodata method) (Ridler and Calvard, 1978) .
One main limitation with this approach is the fact that measurements for individual centrosomes are not available, leading to only population-based measurements. By its nature, this approach is not designed to provide exact numbers of cells with one, two, or three centrosomes. However, as we demonstrate, it provides an accurate approximation of the overall number of centrosomes which allows comparing CA in different tissues. On the other hand, this method could be used to evaluate the potential number of centrosomes in each individual clusters generated by a threshold-based algorithm and thus as a criteria to refine segmentation.
We analyzed three murine breast cancers specimen derived from Tp53 null cells. The loss of the tumor suppressor gene Tp53, which is frequently mutated in human and murine tumors (Hollstein and others, 1991; Mowat and others, 1985) , has been associated with CA and genomic instability (Chiba and others, 2000; Fukasawa and others, 1996; Fukasawa and others, 1997) . One study using confocal microscopy on thick tissue sections of mammary tumors from p53 knockout (Tp53 null) mice reported CA only in a small subset of these specimen (Goepfert and others, 2000) . Despite the lack of CA in all tumors, all of them exhibited gross genomic instability. The finding that Tp53 null late stage tumors and Tp53 null tumor cell lines exhibit altered but stable karyotypes and normal centrosome behavior had previously been explained by a model of genomic convergence. It is hypothesized that at some point the altered chromosome composition might undergo a selection pressure preferentially selecting for mutations that lead to a stabilization e.g. of the altered centrosome number (Chiba and others, 2000) . Using this novel tool, we actually found significant centrosome amplification in 30-40% of cells in these tumor tissues, indicating the critical role image quantification can play in reporting such measurements. This analysis on normal tissue detected 0-5% of abnormal cells, which is remarkably similar to that obtained by visual inspection of normal human breast tissues (Lingle and others, 2002) . The complexity of tissue makes it often difficult for algorithms to quantify imaging features such as centrosome counts and thus pathologists are often doing this type of quantification. However, the accuracy of our estimation of CA in normal tissue is a strong validation of our method and makes the high number of CA we report in tumor tissue more credible.
Summary
The 
